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Received May 21, 2012; accepted September 24, 2012AbstractBackground: Student examinations are an essential component of medical education and item analyses are important to assess test quality.
Among miscellaneous psychometric theories used for test analyses, item response theory is more flexible and versatile than other theories. This
study aimed to apply item response models to analyze an anesthesiology examination for medical and dental students.
Methods: This examination included 50 items that were administered to 170 5th- and 6th-year medical and dental students. One- and two-
parameter logistic (1-PL and 2-PL) item response models were used to conduct item analyses of the examination. Fit statistics were exam-
ined to exclude misfit items and evaluate test reliability. Goodness-of-fit analyses were used to select the model having the better fit to data.
Examinee’s ability and item difficulty were estimated and then expressed on the common scale. Potentially differential items were detected using
logistic regression.
Results: The goodness-of-fit analysis revealed that, in our case, the 1-PL model was more suitable for item response analyses. No misfit item was
noted and the test reliability was 0.81 (1-PL model). The mean examinee’s ability was set at 0 by definition [standard deviation (SD) ¼ 0.61] and
the mean item difficulty was 2.08 (SD ¼ 1.93). There were 24 items with a difficulty level lower than the least able examinee, and three items
had a difficulty level higher than the most able examinee. Four potentially differential items were identified.
Conclusion: Item response models are useful for medical test analyses and provide valuable information about model comparisons and iden-
tification of differential items other than test reliability, item difficulty, and examinee’s ability.
Copyright  2013 Elsevier Taiwan LLC and the Chinese Medical Association. All rights reserved.
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Written examinations have played a longstanding, crucial
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http://dx.doi.org/10.1016/j.jcma.2013.02.008accomplished the learning objectives in a basic or clinical
curriculum. The multiple choice question (MCQ) format is
commonly used in written examinations because this format is
able to assess a student’s capability with a large number of test
items from many content areas in a relatively short period, and
can also be graded by a computer. These advantages make the
administration of written examinations to large numbers of
students using the MCQ format both straightforward and
standardized.1 Ideally, the goal is for the written medicalhinese Medical Association. All rights reserved.
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of students regarding the subject tested, and distinguish ex-
aminees with different ability levels. Accordingly, various
psychometric methods were developed for test analyses to
evaluate whether these requirements have been met. Among
them, item response theory (IRT) is a group of models that
uses latent variables to characterize individual ability and item
properties as predictors of observed responses.2 In previous
studies, we utilized the basic one-parameter logistic (1-PL)
model, the so-called Rasch model, to provide useful infor-
mation about test reliability and validity, item difficulty, and
the ability of examinee in anesthesiology examinations for
medical students and candidates in the board certifying ex-
aminations.3,4 In fact, there are more applications of IRT to
test analyses and test development, such as the model selection
processes for test analysis5 and detection of potentially biased
items, which may result in different observed responses across
distinct groups of examinees.6 In this study, we extended the
scope of IRT applications beyond the previous work by
comparing the goodness-of-fit data to the observed item
response and test reliability among different IRT models for
test analysis on an anesthesiology examination for medical
and dental students. Furthermore, test questions were screened
for potentially differential items, which behaved differently in
diverse groups of students.
2. Methods2.1. Study participants and data collectionThe data for this study were collected in 2011 from a
written anesthesiology examination for medical and dental
students in a university in Taiwan. Both groups of students
took the same courses conducted by the identical group of
instructors. The exam was held after the completion of a
course in anesthesiology and aimed to evaluate proficiency in
basic knowledge of anesthesiology for those who took the
course as a compulsory subject in their 5th year of university
education. There were 170 students taking the exam, which
was composed of 50 MCQs, with five options and a single best
answer for each question. The test time limit was 1 hour, and
all examinees completed the exam before the end of the
allotted time. Two points were given for each correct response
to an item, but no point was given for a wrong answer.
Therefore, the original score for an examinee was equal to the
number of correctly answered items multiplied by two and the
responses (correct or incorrect) to test items could be used for
further item response analyses.
3. Statistical analysis3.1. Item response models for test analysesDichotomous item response models are frequently used to
analyze test data, especially MCQ. Despite numerous criti-
cisms, the efficiency of MCQ makes this form of knowledge
assessment the most popular and typical item format for large-scale tests. Responses to MCQ can be coded as 0 for incorrect
answers and 1 for correct ones, and thus for a test including
only MCQ, there are as many binary variables as the number
of items in the examination. There are several forms of
dichotomous item responses, which can further be classified
based on the number of parameters involved in the models.
The simplest form is the 1-PL model, which contains only two
parameters: one for item difficulty and the other for person’s
ability. It is also called the Rasch model, to commemorate the
Danish mathematician Georg Rasch’s contribution to the
development of this model.7 The 1-PL model relates a person’s
ability (q) and item difficulty (b) to the probability of a correct
response ( p) as the following equation:
P

Yij ¼ 1jqi;bj
 ¼ exp

qi bj

1þ expqi bj

where P(Yij ¼ 1) represents the probability of examinee i
correctly answering item j; qi is equal to the ability of the ith
examinee; and bj means the difficulty of the jth item. For
additional details of the 1-PL model, refer to the previous
literature.3,4 As the 1-PL model did not provide information
about how well an item discriminates among individuals with
differing abilities, the 2-PL item response model was devel-
oped to evaluate not only how far apart an examinee and an
item are, but also how well an item differentiates among ex-
aminees with distinct ability as follows8:
P

Yij ¼ 1
qi;aj;bj
 ¼ exp

aj

qi bj

1þ expaj

qi bj
;
where aj is integrated with the equation to take the
discrimination of the jth item into account. The 2-PL model
can be further extended to produce the 3-PL model, which
takes into account chance success on an item. For an examinee
with low ability, it is possible to select the correct option of a
multiple choice item simply by guessing. In order to account
for the potential guessing effect on correct responses to MCQ,
the 3-PL model incorporated another parameter cj to model a
correct response to jth item due to chance alone as the
following equation:
P

Yij ¼ 1jqi;aj;bj; cj
 ¼ cj þ

1 cj
 exp

aj

qi bj

1þ expaj

qi bj

P(Yij ¼ 1) is equal to cj when qi tends to negative infinity.
This means that cj in the model reflects that some examinees
with infinitely low ability may correctly respond to an item
when they should not. Because there was no examinee with
very low ability in this test, the 3-PL model was not of interest
for this study and would not be used in the following analyses.3.2. Test analyses of exam in anesthesiologyTo exclude misfit items that did not accurately represent the
data, item fit was evaluated at first using the SeX2 statistics
proposed by Orlando and Thissen.9,10 The SeX2 statistic is a
Pearson X2 statistic per se and directly derived from a summed
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correct and incorrect responses to each item, and then com-
pares these expected frequencies with the observed ones in the
data. A p value <0.05 is considered as a sign of item misfit.
After the exclusion of misfit items or examinees, model
comparisons were performed to determine which model (1-PL
or 2-PL) better fitted the test data using both the Bayesian and
the corrected Akaike information criteria (BIC and AICc,
respectively).11,12 Smaller values of these goodness-of-fit sta-
tistics imply better model fit to the data. Meanwhile, test
reliability was also evaluated to confirm the consistency of the
estimated results for the two models.
The examinee’s ability, item difficulty, and discrimination
were calibrated and then transformed into linear measures
with the logit (log odds) unit for the 1-PL and 2-PL models.
The mean examinee’s ability was anchored at the logit value
of 0 to deal with scale indeterminacy, because the metric is
relative and not unique. Larger estimated values of examinee’s
ability and item difficulty indicated higher ability and greater
difficulty, respectively. An item distribution map was then
plotted to depict the distribution of examinee’s ability and item
difficulty on the common scale for the 1-PL model. Logistic
regression was applied to those detect items that function
differently across groups.13 Logit regression lines of the
identified differential items were plotted along with various
original scores for medical and dental students to discern the
patterns of differential item functioning.
The original scores and logit scales from the item response
analysis of examinees are presented as mean with standard
deviation (SD). Comparisons of the original scores and the
logit scales from item response analyses were conducted using
independent t test. Item response analyses were performed
with the IRTPRO software, version 2.1 (Scientific Software
International, Inc., Lincolnwood, IL, USA). Differential item
functioning and other analyses were conducted with the
PASW statistics version 18.0 (SPSS Inc., Chicago, IL, USA).
4. Results
The mean original score of all examinees was 80, with an
SD of 7. Table 1 compares the mean original score and cali-
brated scores in the logit unit from item response analyses
between the dental and medical students. On average, medical
students performed better in the exam than dental students, noTable 1
Comparisons of the original scores and scores from item response analyses.
Medical students
(N ¼ 131)
Dental students
(N ¼ 39)
p
Mean SD Mean SD
Original score 81.2 6.5 76.3 7.7 <0.001
1-PL estimate 0.1 0.6 0.3 0.6 <0.001
2-PL estimate 0.1 0.7 0.4 0.8 <0.001
The mean examinee’s ability was set at 0 to avoid scale indeterminacy. The
standard deviations (SDs) of examinee’s ability estimated by one- and two-
parameter logistic (1-PL and 2-PL, respectively) item response models were
0.61 and 0.74, respectively.matter which scores were compared. Fit statistics analysis
revealed that there was no misfit item or examinee in this
exam. Table 2 illustrates the goodness-of-fit statistics and
reliability indices of the 1-PL and 2-PL models. The 1-PL
model displayed smaller AICc and BIC values and higher
reliability.
Fig. 1 illustrates the item distribution map from the 1-PL
item response analysis. Four items (Q6, Q22, Q24, and Q38)
were answered correctly by all the examinees and excluded
from further item response analyses. The mean item difficulty
was lower than the mean examinee’s ability by 2.08
(SD¼ 1.93) logit units. To avoid scale indeterminacy, the mean
examinee’s ability was set at 0. The item difficulty ranged from
5.4 to 2.81, and the range of examinee’s ability was between
2.05 and 1.21 in logit units. There were only five items with a
difficulty level beyond the mean examinee’s ability, and three
of them had difficulty level higher than the aptitude of the most
able examinee. However, there were 24 items with difficulty
level lower than the aptitude of the least able examinee.
Table 3 shows the potentially differential items identified in
the logistic regression analysis. Four items (Q14, Q35, Q39,
and Q40) were suspected to exhibit differential item func-
tioning across distinct (medical vs. dental) groups. Fig. 2 plots
the logit regression lines of these four items for medical and
dental students with various original scores. As can be seen,
the two logit regression lines in each subplot are neither
identical nor parallel. Such a phenomenon indicates that these
items possessed different statistical properties for the two
groups after ability measures of these two groups were
matched.5. Discussion
In this study, IRT models were effectively applied to
analyze a written anesthesiology examination for medical and
dental students; several interesting findings could be used as
reference for further test development in clinical education.
First, the 1-PL (Rasch) model was better than other alternative
item response models for item response analysis on the MCQ
format examinations of clinical curriculums in a similar
setting. Because the number of medical students who take a
clinical curriculum examination is usually limited, using a
more complicated model runs the risk of over-
parameterization, which may result in instability of estima-
tion.14,15 This can be demonstrated with the lower test
reliability and poorer fit statistics for the 2-PL model relativeTable 2
Goodness-of-fit statistics and reliability indices of the 1-PL and 2-PL models.
1-PL 2-PL
Corrected Akaike information criterion (AICc) 5591.0 5697.7
Bayesian information criterion (BIC) 5700.3 5764.0
Reliability 0.81 0.69
For goodness of fit statistics (AICc and BIC), smaller values indicate better fit
to the data.
1-PL ¼ one-parameter logistic model; 2-PL ¼ two-parameter logistic model.
Fig. 1. Item distribution map. The mean examinee’s ability was set at 0. Item numbers are prefixed with “Q.” The scale on the vertical line uses the common logit
unit of the item difficulty and examinee’s ability from the 1-PL item response analysis. The histogram of examinee’s ability distribution is presented as the
horizontal bars on the left side.
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ential items in the examination. These items should be thor-
oughly examined to identify the source of biased response
across different groups. Third, because approximately half of
the items had difficulty level lower than the minimum of ex-
aminee’s ability in this examination, the test content should
likely be modified as more information could be obtained
whenever examinee’s ability and item difficulty are matched.14
However, it is noteworthy that compared with our previous testTable 3
Detection of potentially differential items using the logistic regression
approach.
Item b SE c2 p
Q14 12.21 5.35 5.21 0.022
Q35 14.36 6.12 5.51 0.019
Q39 11.54 4.57 6.39 0.011
Q40 25.99 9.27 7.85 0.005
SE ¼ standard error of the corresponding regression coefficient;
b ¼ regression coefficient for the group effect.analysis on a similar examination,4 test reliability remarkably
increased despite no change in the number of items and lower
mean item difficulty in this study’s analyzed examination. One
possible explanation is the improvement of test writing quality
in the later examination in light of the useful information
provided in the previous work.
Several item response models are designed to evaluate the
performance of examinees on test items. Selection of an
appropriate item response model that is fitted to data is a
prerequisite to gaining the benefits of IRT. A complicated
model gives no more advantage to the analysis than an
appropriate one. According to the statistical principle of
parsimony, the simplest model that still explains the data well
should be used. A model chosen based on this rule would be
less likely to introduce inconsistencies, ambiguities, and re-
dundancies.15 Therefore, the model selection process is
necessary for item response analysis to choose a model that
provides both sound fit to the current data and good pre-
dictions of future or different data sets. However, in-
consistencies among different fit indices were not unusual, and
Fig. 2. Logit regression lines for medical and dental students with various original scores. The lowest and highest original scores used here are 52 and 92,
respectively. The horizontal axis is the original scores of examinees. The vertical axis reflects the estimated log-transformed odds (logit) of correctly answering an
item. Only the plot for item Q35 indicates that the dental group seems to have an advantage over the medical group throughout the whole range of observed scores.
The other three plots show that the two lines in these plots cross within the observed score range. It implies that these items behave differently above and below
where the two lines cross.
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greater guarantee of the accuracy of model selection.16 For
smaller data sets, the comparison of miscellaneous fit statistics
among different item response models is necessary to ensure
the exactness of results.15,16 In this study, we used two
different fit statistics to verify that the 1-PL model was the
model of choice for item response analysis in our setting.
Goodness-of-fit analysis using at least two distinct fit statistics
should also be considered in other test analyses of medical
examinations.
Biased items are typically thought of as unfair to certain
subgroups of examinees.17 The detection of biased items
involved the analysis of differential item functioning, which is a
procedure used to determine whether test questions are fair to
assess different subgroups.18 A biased item displayed different
statistical properties for distinct subgroups after matching on
examinee proficiency.13 In this study, four items were identified
to exhibit differential item functioning across medical and
dental students. These items were supposed to be reviewed by a
panel of experts, such as the anesthesiologists who developed
this test, to determine whether the source of differentialperformance is relevant to the construct measured. Hence, the
four items should be subjected to further investigation and the
review processes could contribute to further test development.
There are some limitations to this study. First, it is
impossible to adjust sample size or item number to evaluate
how these processes affect parameter estimation and model
selection, due to the retrospective nature of this study. Second,
we only performed test analysis on the MCQ format using
item response models. It is not clear whether the generaliza-
tion of item response analysis to other test formats is appli-
cable. Third, our cross-sectional study cannot provide
information regarding the time trend of analytical findings
from item response analysis, and longitudinal design should be
considered to monitor the trend or change over time.
In conclusion, we demonstrated the usefulness and versa-
tility of IRT for medical test analyses. Item response analysis
provides valuable information about model comparisons and
identification of potentially differential items in addition to
test reliability, item characteristics, and examinee’s ability,
which could be referred to for future test analysis and further
developments in medical education.
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